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1. Introduction
Performance metrics for equities or managed funds are established tools of the finance
industry, objects of media reporting and investor assessment. The metrics in question
are usually comparative in nature against some benchmark. For example, the Sharpe
(1966) index compares the mean of the security return against the risk free rate, effec-
tively the expected return on a portfolio long in the security return, short in the risk free
rate. Likewise, Jensen’s alpha looks for positive discrepancies relative to the beta adjus-
ted market return, provided one is confident that a CAPM style equilibrium actually
exists (Jensen, 1968). Even short of this, however, there are some hidden assumptions in
the use of standard metrics. In the case of the Sharpe index, it is tacitly assumed that
the distribution of equity returns is symmetric. But this is not necessarily true, even in
relatively normal times (Chunhachinda et al., 1997; Fama, 1965). If returns are asymme-
tric over any given interval, then extraordinary exposures to loss, or else opportunities
for gain, can arise. Kraus and Litzenberger (1976) proposed skewness as a second factor
in the traditional Sharpe-Lintner CAPM (Lintner, 1965; Sharpe, 1966). Ang and Chua
(1979) use this modification in order to define an excess return performance measu-
re. For other approaches incorporating skewness, see Eling and Schuhmacher (2007);
Farinelli et al. (2008).
Any such diagnostic metric should be contextual in nature, with reference to the inves-
tor’s gain or loss, in a way that the textbook third order moment for asymmetry cannot.
And there is room for exploration as to just what should be assumed, even tacitly, about
the underlying utility function. A case could be made that the standard concave (risk-
averse) utility function is not a comprehensive representation for investor motivation.
More appropriate might be a utility function that is concave on the downside and con-
vex on the upside (Friedman and Savage, 1948; Kahneman and Tversky, 1979). Thus a
fund manager would be averse to losses, the more so with the prospect of employment
termination if losses are heavy. On the other hand, the same manager will be motivated
by a more generous performance bonus for progressive gains on the upside.
The purpose of the present paper is to introduce a performance function that addresses
such objectives. The methodology is an adaptation of a metric for economic disadvanta-
ge recently introduced in the context of income distribution by Bowden (2016b). The ad-
aptation to asset returns adjusts for differing motivational perspectives; too many higher
incomes are considered bad for social welfare, but high returns are good for investors!
A further normalisation adjustment allows a ready comparison with the corresponding
Sharpe metric. The two are the same wherever the return distribution is symmetric; but
they differ where this is not the case. Relative to the proposed w-metric, the Sharpe me-
tric understates the investor gains when returns are negatively skewed, i.e. where more
distributional weight accrues to higher values, with the reverse effect where the distri-
bution is positively skewed. An empirical analysis shows that the same understatement
occurs with a range of other performance metrics that have been proposed, both through
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time and across an extended range of equities. In this sense the proposed w-metric adds
a more embracing dimension to fund performance comparisons.
The scheme of the paper is as follows. Section 2 describes the decision theory and distri-
bution properties behind the proposed performance measure, encompassing the double
smoothing property of the lower and upper conditional expectations. Section 3 defines
and motivates the new performance measure, with the classic Sharpe ratio as a point
of departure. The discussion extends to other measures that have been proposed in the
literature. An extended empirical illustration in section 4 compares and contrasts the
various metrics in detail, in the context of spanning fro beneficial asymmetry. Section 5
contains come concluding remarks.
2. Metrics and investor utility: the conceptual framework
The development that follows is general in nature. The basic framework of an investor
profit or loss function based on upper and lower conditional expectations is exposited
on a general level, followed by the connection with Friedman-Savage decision theory.
Taking expected values results in the proposed metric for returns asymmetry, with an
accompanying dual metric for spread or dispersion.
2.1. The win function
The proposed metric can be cast in terms of the expected value of a profit or loss functi-
on. Let x represent any outcome (e.g. income, return or any relevant measurable outco-
me). The associated random variable X has distribution function F(x) with density f (x).
For expositional purposes assume −∞ < x < ∞ but the treatment can adapt to the half
line 0 < x < ∞ or any compact range. Since our proposed measure is based on the first
conditional moment, we shall always assume the existence of the first moment of the as-
sociated random variable X. For most practical purposes, this is a weak assumption but
it does rule out exceptionally long tailed distributions e.g. the Levy. But it suffices for
existence of the proposed skewness parameter for empirical density functions, as well as
for random variables for which higher moments do not exist (e.g. a t-distribution with
d f = 2).
For a given value X = x, define the progressive conditional expected values as
µl(x) = EF [X|X ≤ x] = 1F(x)
∫ x
−∞
XdF(X) (left conditional expectation value) (1)
µr(x) = E [X|X > x] = 11− F(x)
∫ ∞
x
XdF(X) (right conditional expectation value)
(2)
As x → ∞, µl(x) → µ and µr(x) → x → ∞, while for x → −∞, µl(x) → x → −∞ and
µr(x)→ µ. Figure 1 illustrates with a logistic distribution, which has fat tails relative to
the normal distribution; in this case the asymptotic convergence is very slow. Expression
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(1) as the conditional lower moment has found application in fund performance (see sec-
tion 3.2). In contrast, the present application utilises both upper and lower conditional
moments, with a further stage of consolidation into a single valued metric. The function
v(x) = (µr(x)− x)− (x− µl(x)) is referred to in the recent income distribution litera-
ture as the net economic disadvantage function. In this context, suppose my income is
x. I feel disadvantaged to the extent of the average income above mine (µr(x)− x), but
net of those below me (x− µl(x)).
In an investment context, where x refers to returns, things have to be reversed. On
any given day suppose the return is x. Now I win to the extent that this exceeds the
average return below (other days are worse), and I lose to the extent that it falls short of
the average above (other days are better). This indicates that a more appropriate welfare
function in the finance context is the negative of the net economic disadvantage function,
i.e.
w(x) = −v(x) = (x− µl(x))− (µr(x)− x) , (3)
the ’win’ function. The function w(x) is concave below (convex above) a break-even
value on the return axis. As x → −∞ it become asymptotic from above to the 45 line,
and from below as x → ∞. The zero point, where it crosses the x-axis, is distribution
specific (see figure 1). An indication of its position can be inferred from the relationship
w(xm) = 2 (xm − µ) , (4)
where µ = E (x) is the expected value and xm is the median. Thus if µ < xm, which will
usually be the case with negative skewness, then has its zero to the left of the median,
conversely if . For a symmetric distribution crosses at the common mean and median,
while the function itself is anti-symmetric about the x-axis. The logistic is an example as
in figure 1.
<insert figure 1 about here>
Figure 1: The function w(x) illustrated with a logistic distribution. For clarity, the
values have been scaled.
As earlier remarked, lower concavity versus upper convexity is a universal property
(Bowden, 2016a,b). This motivates the description of the function w(x) as a Friedman-
Savage utility function. However, there are some qualifications as to scope. The classical
utility function is distribution invariant, but in the present context the function w(x)
depends on the conditional expectation functions µl(x), µr(x) and therefore upon the
distribution F(x). In this sense it could be interpreted as supplementary guide to deci-
sion making. Faced with a given returns distribution, the investor could use it to decide
whether or not the implied w(x) utility function is consistent with his or her own prefe-
rences as between profits and losses.
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2.2. The expected value
The expected value of the function w(x) results in a single valued metric for investor
profit or loss:
w = E [w(x)] =
∫ ∞
−∞
w(x)dF(x). (5)
One could imagine an investor selecting a day at random and deriving a return x on
that day. Over any such random choice of day, expression (5) gives the expected gain or
loss. The integral in (5) represent a double smoothing process. The first smoothing level
(expressions 1, 2) is to obtain the conditional expected value to the left and right of any
chosen value x. The second is to smooth the results over all values of x.
However, the two stages can be condensed into a simple one stage expectation by means
of a change of measure. The left and right entropic shifts of F(x) are distributions defi-
ned by
FL(y) = F(y) (1+ ξL(y)) ; 1− FR(y) = (1− F(y)) (1+ ξL(y)) , (6)
where the shift factors ( technically Radon-Nikodym derivatives) are given by
ξL(y) = − ln F(y); ξR(y) = − ln (1− F(y)) (7)
Properties of the left and right entropic shifts can be found in Bowden (2012, 2016b). In
such terms,
E (µl(x)) =
∫ ∞
−∞
µl(x)dF(x) =
∫ ∞
−∞
xdFL(x) = µL, (8)
the simple mean of the left entropic shift. Similarly,
E (µr(x)) =
∫ ∞
−∞
µr(x)dF(x) =
∫ ∞
−∞
xdFR(x) = µR, (9)
the simple means of the shifted distributions defined by expressions (6,7). Expressions
(8,9) embody the double smoothing property. The first layer is the progressive smoothing
up to or beyond any given point x. The second layer smoothes the result over all such
points, using the density as a weighting kernel.
The expected value of the net win function is therefore
w = 2
(
µ− 1
2
(µL + µr)
)
(10)
An implicit asymmetry test is apparent in the form of (10). The entropic shifts FL, FR
represent bodily displacements to the left and right of the natural distribution F(x). If
more entropic (uncertainty) mass is contained to the left, then the displacement diffe-
rence is greater than to the right and the average of the two means will be less than the
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original. Thus a distribution F(x) that is naturally negatively skewed will have w > 0,
while positive skewness will lead to w < 0. For any symmetric distribution, w = 0.
Outcomes of this kind correspond to classical metrics such as the Pearson third order
moment. Unlike the standard cubic, however, there is now an explicit contextual refe-
rence, as to how investors might view things in welfare or utility terms.
2.3. An associated dispersion metric
A simple change of sign in expression (3) provides a penalty function for spread or
dispersion (Bowden, 2016b). This is defined as
d(x) = (x− µl(x)) + (µr(x)− x) = µr(x)− µl(x). (11)
It follows from their respective definitions that d(x) > w(x).
Taking the expected value gives a metric for dispersion:
d = E (d(x)) = µR − µL > 0. (12)
The underlying dispersion concept is based on the total partition entropy of the distribu-
tion. The partition entropy function h(x) at any chosen point represents the uncertainty
as to whether X > x or X < x. The partition entropy function has itself given rise to
a number of applications in areas such as a smoothing kernels or scaling algorithms.
Integrating h(x) over x gives the metric d, which can be interpreted as the total entro-
pic spread of the distribution. There is also a covariance connection with asymmetry, as
measured by the metric w. A distribution is negatively skewed if the dispersion function
d(x) is greater in the region where F(x) < 0.5, so the covariance between d(x) and F(x)
is negative.
3. Performance metrics
The foregoing definitions and interpretations are employed in the present section to de-
fine and motivate the proposed performance metric as an alternative to the standard
Sharpe measure. Section 3.2 extends the comparison to other existing performance me-
trics.
3.1. The W-metric
The basic Sharpe performance index serves as a starting point for a more general discus-
sion. As we are focusing on investment performance, the general outcome x is replaced
by the context specific return r. The standard Sharpe metric is written as
S(r) =
E(r)− r f
σ (r)
, (13)
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where E(r) is the expected return, σ its standard deviation and r f is a risk free rate.
Defining r˜ = r − r f as the excess return, with distribution function F˜, the Sharpe ratio
becomes
S (r˜) =
EF˜ (r˜)
σ˜
, (14)
where σ˜ denotes the standard deviation of excess returns.
The proposed W-metric is an alternative to the Sharpe ratio that explicitly encompasses
the positive or negative benefits of asymmetry. It is defined as
W(r) =
w(r˜) + r˜m
d(r˜)
:=
w˜+ r˜m
d˜
, (15)
where r˜m is the median of the excess return distribution and w, d are defined accor-
ding to expressions (10) and (12). The denominator d of the W-metric is adapted to the
entropic interpretation of the asymmetry metric w in the numerator. For standardisable
distributions such as the Normal, the logistic or the Gumbel, the metrics d and the stan-
dard deviation σ are proportional via the scale parameter. In such cases there is little
effective difference between using either d or σ for the denominator.
The numerator of the metric (15) splits into two terms: w˜ captures the asymmetry of
the excess returns distribution while r˜m adds the median excess return. Rewriting the
numerator of W results in:
w˜+ r˜m =
(
E(r)− r f
)
+ [w˜+ rm −E(r)] (16)
Thus the W-metric and the Sharpe ratio’s numerator differ in the term [w˜+ rm −E(r)].
Consider the following cases:
(a) The distribution of excess returns r˜ is symmetric. In this case w˜ = 0, rm = E(r),
and the numerators of the W-metric and Sharpe are identical.
(b) The distribution of excess returns is positively skewed. In this case w˜ < 0, and it
is likely that rm −E(r) < 0. Together this means that W < S.
(c) The distribution of excess returns is negatively skewed. In this case, w˜ > 0, and it
is likely that rm −E(r) > 0. Together this means that W > S.
Cases (b) and (c) reflect the implied Friedman-Savage investor utility basis: investors
would like a positively skewed distribution; increasing marginal utility in the higher
zone. But they might back away from a negatively skewed one; too much weight in the
low zone, the area of more negative marginal utility.
The difference between W and S is generated by the implicit underlying utility functions,
and the way that these are responsive to the distribution of returns. The Sharpe metric
S tacitly assumes a linear utility function, while the W metric is more responsive to the
mixed concave-convex Friedman-Savage type utility function.
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Adaptations of W can be devised for other benchmarks. Instead of using the risk free
rate, the comparator could be the market return R, so r˜ = r− R is a compound return,
long in the subject security and short in the market. Alternatively if a CAPM is thought
to exist, a generalisation of Jensen’s alpha can be defined with the comparator return as
the market, scaled by the security’s beta.
3.2. Other performance metrics
The empirical work of section 4 encompasses a range of alternative performance me-
trics that have been proposed in the literature. Two of these, namely the Treynor ratio(
E(r)− r f
)
/β and Jensen’s alpha
(
E(r)− r f
) − β (rm − r f ) require a more or less ex-
plicit CAPM reference.
Of those that do not, the Sortino and Kappa 3 ratios (Kaplan and Knowles, 2004; Sortino
et al., 1999) have a point of connection in that in drawing on lower and upper conditional
partial moments. Given a threshold return z, the lower partial moments of order n with
the corresponding threshold return z are defined (c.f. Harlow 1991) as
LPMn(z) =
1
F(z)
∫ z
−∞
(z− x)n dF(x) (17)
For the Sortino and Kappa 3 ratios:
Sortino(z) =
E(r)− z
2
√
LPM2(z)
resp. K3(z) =
E(r)− z
3
√
LPM3(z)
. (18)
The upside potential ratio (UPR) employs the higher partial moment of order one:
UPR(z) =
1
F(z)
∫ ∞
z (z− x)dF(x)
2
√
LPM2(z)
. (19)
All versions require the user to specify a benchmark value z, so these are not global
metrics.
A further comparator is the omega ratio of Keating and Shadwick (2002). In the present
notation this can be expressed as
Ω(z) =
∫ ∞
z (1− F(x))dF(x)∫ z
−∞ F(x)dF(x)
:=
Φr(z)
Φl(z)
(20)
The function Φl(z) will be familiar from stochastic dominance theory: distribution A
is second order stochastic dominant over B if Φl,A(z) ≤ Φl,B(z) for all z. Keating and
Shadwick propose a less stringent version: the investor sets a threshold value of z, below
which outcomes are regarded as losses and above as gains and compares the ratio (20)
relative to that threshold.
There is no direct connection between the Omega ratio and the present W-metric, though
the functions w(x), d(x) utilised in the latter help to determine the shape of Ω(x) via
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the differential equation
d logΩ(x)
dx
= −4 d(x)
d2(x)− w2(x) (21)
The omega ratio function is evidently a compounding of both spread and asymmetry,
with the leading effect of order d−1(x). If the dispersion is high, a unit step to the right
on the return axis does not increase the probability for losses that much, compared to a
very dense distribution, where a unit step covers more probability mass.
A final group of comparators utilises the notion of maximum drawdown (MD)
(Magdon-Ismail et al., 2003). A drawdown is the maximal loss in a given time span
with a designated end date and a variable start date within the given time span. The
maximum drawdown denotes the maximum of the drawdowns within the given time
span. Three variants utilised in the empirical comparisons of section 4 are as follows:
Calmar ratio(r) =
E(r)− r f
−MD (22)
Sterling ratio(r) =
E(r)− r f
E (−MD) (23)
Burke ratio(r) =
E(r)− r f√
∑−MD (24)
4. Empirical application
The empirical work that follows proceeds in two phases. Section 4.1 looks at the relative
performance of the W-metric with the conventional Sharpe ratio as the point of depar-
ture. For this more limited comparison, historical returns on just a single equity are
used. Section 4.2 is an extended set of comparisons with the range of alternative metrics
as in section 3.2, applied to the complete regimen of equities in the S&P500.
4.1. Comparison with the Sharpe ratio
To illustrate the new measure, we use the daily log returns of Ford Motors Company
together with the S&P500 index as a market proxy. The 10 year US treasury yield is
employed as a proxy for the risk free rate from 1990 to 2015. Table 1 gives descriptive
statistics. For all the different log return distributions, any evident skewness has the sign
expected in the w statistic of equation (5)
< insert table 1 about here >
Table 1: Descriptive statistics and the corresponding w statistic for the daily returns
distribution
Turning to explicit performance indicators, the Sharpe ratios and the W metrics are
compared for two benchmarks: the risk free rate and the market return. The results are
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shown in figure 2. The Sharpe and W measures are calculated using for daily returns
over each different year. The upper chart (a) utilises the risk free rate as benchmark as in
the classic Sharpe ratio. The dashed bar corresponds to W in equation (15) and the solid
bar to the Sharpe ratio. The two measures have a correlation coefficient of ρS,W = 0.496
at a significance level of α = 1%. However, there are several occurrences (1990, 1991 and
2007) where not only the absolute values between the Sharpe and the W-measure differ,
but also the signs.
< insert figure 2 about here >
Figure 2: Comparison for the W-metric and the Sharpe ratio and (a) the risk-free rate
and (b) the market return as comparator benchmarks.
As discussed in section 3, one can look for two scenarios where W is potentially unequal
to S. In the sample there are 13 years with a positive skewness, of which 12 years confirm
the prediction S >W. Only in the one year 2005 does the Sharpe ratio exceed W. Turning
to the likelihood of having rm −E(r) < 0, there is an empirical ‘hit ratio’ of 10 out of 13
cases (79.6%). In the case of negative skewness, the W > S prediction is confirmed in 9
out of 13 years. The empirical likelihood of having rm−E(r) > 0 with w˜ > 0 is at 46.2%.
The lower chart (b) of figure 2 utilises the market return as a comparator. To clarify
the difference relative to the risk free rate, the resulting metrics are denoted S∗ and
W∗. The dashed bar corresponds to W∗ and the solid bar to the Sharpe analogue ratio
S∗. In 9 out of 26 observations the two have different signs along with an insignificant
correlation coefficient of ρS∗,W∗ = 0.243. For the positive skewness we find S∗ > W∗ in
11 out of 14 years. All 14 years, have w˜ < 0 while in 11 years, rm − E(r) < 0 i.e. an
empirical concordance likelihood of 78.6%. In the 12 years with a negative skewness, 11
years have W∗ > S∗ and the same 11 years show rm −E(r) < 0. Only two years show
rm −E(r) > 0; thus an empirical correspondence of only 18.2%.
As previously discussed, the standard deviation can be used as denominator instead of
the dispersion metric d, with the performance indicator as WS = w˜+r˜mσ˜ . The analysis
is then repeated using WS instead of W. The result is shown in figure 3. In all cases,
the sign is preserved, i.e. sgn(W) = sgn(W∗), but the absolute value of WS is always
larger. Using the standard deviation therefore leads to a higher value of the metric. For
the upper chart, there are three cases where the alternative definitions lead to different
conclusions as to the size of the metric. In 2005, 2008 and 2010 we find |W| < S < |WS|
. For the lower part of figure 3 the years 1994, 2005 and 2008 show a similar pattern.
< insert figure 3 about here >
Figure 3: Comparison for the W-metric and the Sharpe ratio with STD as denominator,
and (a) the risk-free rate and (b) the market return as comparator benchmarks.
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4.2. Other literature metrics: a more extended comparison
Turning to the more extended set of measures described in section 3, performance com-
parisons utilise daily returns on the complete constituent companies of the S&P500,
listed as of 11th November 2015, adjusting where necessary for missing data. The final
data spans 20 years of daily data on 366 stocks, in total 6222 distributions each spanning
one year of daily returns. Descriptive statistics are shown in table 2.
< insert table 2 about here >
Table 2 Descriptive statistics for the 6222 daily return distributions
Shown are the mean, median, standard deviation, minimum & maximum, skewness
and kurtosis of the annual percentage equivalent daily returns. Using the Jarque-Bera-
Test, 82.5% (87.2%) of the distributions are indicated as non-normally distributed, at a
significance level of 1% (5%).
As earlier noted, the performance comparisons studies encompass a more extended set
of measures that have been proposed in the literature. These are chosen as the Sortino
ratio, Kappa 3, the UPR, the Calmar ratio, Sterling ratio, Burke ratio, Jensen’s alpha and
the Treynor ratio to the Sharpe ratio and the Omega ratio.
For the Omega ratio, the Sortino ratio, the Kappa 3 and the UPR, we use the return
distribution as the P&L distribution, e.g. we set the threshold to a value of z = 0. For
Jensen’s alpha and the Treynor ratio, the CAPM beta coefficient is estimated for each
year using the corresponding stock returns and the S&P500 returns as proxy for the
market return. Technically this implies a forward looking beta coefficient, but the results
do not change when using the lagged return distributions.
Comparative results are shown in table 3. Reported is the lower triangle rank correlation
matrix. Considering the first row of averaged rank correlation enables comparison with
the results of Eling and Schuhmacher (2007). In general conformity with their findings,
we find very high and significant correlations with most metrics. For Jensen’s alpha,
there is a lower rank correlation of 0.68 on average, compared to 0.94 in their study. For
the Treynor ratio, we find a higher rank correlation of 0.82 on average, compared to their
0.32.
Introducing the W and W∗ measures as defined in section 3, gives rise to the last three
rows in table 2. The rank correlations are now significantly lower than for the other
measures. For the W measure, there is an average rank correlation of 0.25 and for the
W∗ measure an average rank correlation of 0.12. The proposed ’win’ metrics therefore
differ significantly in the ranking form the existing measures. Since the Sharpe ratio is
known for a skewness bias, the rankings of the other measures may likewise influenced
by the skewness of the distribution. Once this is explicitly incorporated via the W-
metrics, things do change. If investors or fund managers prefer negative skewness, as
argued in section 2, then the W∗ metric provides a better set of rankings across different
equity returns.
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5. Concluding remarks
Investors naturally seek high returns and low volatility, and there is a case for negative
skewness in addition. In order to evaluate return distributions, we propose the ratio
of a contextually motivated skewness metric to dispersion. The latter can be either as
the dual spread metric or else just the standard deviation. A sensitivity analysis shows
that the bias arising from skewness in the Sharpe ratio does not crucially rely on the
definition of the denominator. Thus in the Ford Motors illustration, the pattern changes
in only in 11% of the cases.
Particular motivation for the augmented W-metric exists in episodes where skewness
can arise, as in times of market stress. However even in more normal times, it is useful to
be able to separate out the separate contribution of skewness as a potentially important
dimension to portfolio analysis. This is especially so where a given stock or ETF portfolio
displays habitual tendencies in one direction or the other. The advantage of thinking in
Friedman-Savage terms is that it does focus on the welfare consequences of investment
decisions in the presence of potential skewness. Once we allow for investor preferences
of this kind, the rankings of alternative investments can change quite dramatically.
12
A. Figures and Tables
Fig. 1: The function w(x) illustrated with a logistic distribution. For clarity, the va-
lues have been scaled.
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(a) Risk free rate
(b) Market return
Fig. 2: Comparison of the W-metric and the Sharpe Ratio for (a) the risk-free rate
and (b) the market return as comparator benchmarks.
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(a) Risk free rate
(b) Market return
Fig. 3: The W-metric and the Sharpe Ratio: STD as denominator, and (a) the risk-free
rate and (b) the market return as benchmarks.
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Tab. 1: Descriptive statistics and the corresponding w measure for the daily returns distribution. All values are given as %.
1990 1991 1992 1993 1994 1995 1996 1997 1998 1999 2000 2001 2002
Mean -0.21 0.04 0.16 0.17 -0.07 0.01 0.03 0.16 0.07 -0.05 -0.15 -0.07 -0.17
Median 0.00 0.00 0.28 0.21 -0.19 0.00 0.00 0 0.18 0 -0.35 -0.28 -0.37
SD 1.73 2.01 2.11 1.7 1.73 1.66 1.51 1.65 3.49 2.01 2.84 2.39 3.31
Skewness -0.4 0.85 -0.21 0.16 0.07 0.43 0.16 0 -5.44 -0.17 0.51 -0.06 0.46
Skewness of excess return -0.87 0.77 -0.11 0.13 -0.11 0.4 0.23 0.18 -7.11 -0.08 0.27 -0.29 0.14
w 0.09 -0.26 0.08 -0.05 -0.04 -0.14 -0.04 0 0.55 0.06 -0.23 0.01 -0.15
2003 2004 2005 2006 2007 2008 2009 2010 2011 2012 2013 2014 2015
Mean 0.22 -0.03 -0.23 0.01 -0.02 -0.47 0.56 0.2 -0.2 0.06 0.08 0.01 -0.03
Median 0.08 -0.06 -0.3 0 -0.24 -0.64 0.28 0.28 -0.16 0.06 0.1 0.06 -0.13
SD 2.51 1.69 1.81 2.34 2.16 6.1 4.19 2.41 2.51 1.53 1.51 1.31 1.41
Skewness 0.64 0.6 0.57 -0.64 0.26 -0.08 0.17 -0.09 -0.64 -0.17 -0.48 -1.13 -0.18
Skewness of excess return 1.03 0.81 0.41 -0.66 0.77 0.26 0.29 0.51 -1.56 -0.74 -1.2 -1.67 -0.14
w -0.25 -0.06 -0.12 0.14 -0.1 0.08 -0.24 0.04 0.14 0.04 0.11 0.16 0.03
Tab. 2: Descriptive statistics for the 6222 daily return distributions
Mean Median Standard deviation Min Max
Mean / % 0.07 0.07 0.14 -0.72 1.52
Standard deviation / % 2.25 1.97 1.2 0.61 15.79
Skewness 0.09 0.12 1.08 -12.71 15.48
Kurtosis 4.64 2.05 11.05 -0.42 240.15
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Tab. 3: Rank correlations for different performance measures
Sharpe ratio Omega Sortino Kappa Upside Calmar Sterling Burke Jensen Treynor W W∗
Omega 1.00***
Sortino Ratio 1.00*** 1.00***
Kappa 3 0.99*** 0.99*** 1.00***
Upside potential ratio 0.89*** 0.88*** 0.90*** 0.92***
Calmar ratio 0.98*** 0.99*** 0.99*** 0.98*** 0.89***
Sterling ratio 0.98*** 0.99*** 0.99*** 0.99*** 0.89*** 1.00***
Burke ratio 0.99*** 0.99*** 1.00*** 0.99*** 0.89*** 0.99*** 0.99***
Jensen’s alpha 0.77*** 0.77*** 0.77*** 0.77*** 0.70*** 0.75*** 0.77*** 0.76***
Treynor ratio 0.95*** 0.95*** 0.95*** 0.94*** 0.84*** 0.94*** 0.95*** 0.95*** 0.78***
Average rank correlation 0.85 0.85 0.86 0.86 0.78 0.85 0.85 0.86 0.68 0.82
W 0.29*** 0.28*** 0.26*** 0.25*** 0 0.29*** 0.28*** 0.29*** 0.14*** 0.26***
W∗ 0.10*** 0.09*** 0.07*** 0.06*** -0.11*** 0.09*** 0.09*** 0.09*** 0.20*** 0.09*** 0.65***
Average rank correlation 0.74 0.74 0.74 0.74 0.64 0.74 0.74 0.74 0.6 0.72 0.25 0.12
Note: *** p < 0.01, ** p < 0.05, * p < 0.1.
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